1JISAE

ISSN:2147-6799

International Journal of

INTELLIGENT SYSTEMS AND APPLICATIONS IN
ENGINEERING

www.ijisae.org

Original Research Paper

Computation of Similarity Between Two Pair of Sentence Using Word-
Net

Atul Gupta*!, Kalpana Sharma?, Krishna Kumar Goyal®

Submitted: 23/01/2023 Revised: 14/03/2023

Accepted: 08/04/2023

Abstract: In the current era the data is available enormously and abundantly, but to find relevant and accurate data from the availability is
a humongous task. Searching is required to be accurate and exact then it gives a satisfaction., But path based or edge counting approach,
Information content approach, feature based approach and Hybrid approaches unable to provide the satisfactory search result. Current
available algorithms are not that efficient to provide exact and accurate search result. In this paper we have implemented and found a better
similarity computation compared with existing algorithms. Calculation of similarity between sentence pair based on Word-Net noun IS-A
relationship and verb relationship have been done. The proposed algorithm is at par with the mean human similarity measure and it performs

efficiently in sentence similarity computation too.
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1. Introduction

In the field of Natural Language Processing (NLP),
calculation of similarity between word pair and sentence
pair is still an open question. Generally, the conceptual
distance of two objects plays a vital role on computation of
semantic similarity [1], based on their correspondence
meaning. Computation of similarity in NLP has various
applications. In the application of Bio-medical to analyse
gene clustering results and genes prioritization [2-4]
semantic similarity tool is used. In the application of
internet, semantic similarity is used in search engine queries
[5]. There are many more applications of semantic similarity
computation such as information retrieval on web [6] and
text categorization [7]. Hence, for the above applications the
robust methodology is needed to compute the similarity in
different type of domains.

The above-mentioned application is specific [2,3] to a
particular domain which require a different algorithm
although the basic approach on computing the similarity
value is same. To identify the close-ness between objects
there is a need of some standard predefined measure which
describe relatedness of meaning [13]. In the absence of
predefined measure there is a problem in measuring
similarity. Now at this point, role of lexical databases comes
into play. In lexical database there is a connection of words
which can be used for measuring similarity value between
words [8]. A lot of application has been defined in the last
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few years which is proved to be efficient on measuring of
similarity [9-12].

This paper focused on to develop a improved version of
existing algorithm[1,8,10,34,] that is robust and efficient,
while integrating with corpus of domain specific. The core
objective of this research to construct an algorithm based on
semantic similarity which is robust and perform well on
comparison with other existing algorithm over Rubenstein
and Good-enough[13] standard benchmark dataset. The
computation of similarity is done on treating the course
objective as the sentence in the NLP and then aligned with
statistics of domain specific. In the next section there is a
discussion about related work. The complete methodology
in step-by-step manner is discussed in section-3. To traverse
the lexical database with the working example is discussed
in section-4. The proposed similarity calculation for pair of
sentence approach in pilot data set [14] is discussed in
section-5. The result obtained in proposed approach are
compare with existing algorithm is discussed in section-6.
Lastly, there is a brief description and conclusion given in
section-7.

2. Literature Review

The work on semantic similarity by the researchers on word
and sentence is highly significant. The authors in this paper
[9] proposed three experiments on semantic similarity. In
the short-term memory (STM) investigation, it is observed
acoustic similarity had a strong negative effect. But when
tested on word sequences, it has got a substantial influence.
In the final experiment when the authors use the same
concept on visual they got a significant effect. Information-
theoretic definition of similarity that can be used with a
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probabilistic model is presented in[1] and applied to
different areas like biomedical, gene prioritization, etc.
Based on shared information content [10] the authors
proposed a I1S-A taxonomy semantic similarity method. The
proposed algorithm is implemented for resolving the
syntactic and semantic ambiguity. The use of ontological
annotation for evaluating the knowledge content similarity
between items in dataset is investigated by the authors[3]. A
suggested Information Retrieval model for retrieving the
documents from the web is presented in [5]. The
computation of similarity between sentence pairs was
measured through corpus statistics on the lexical database is
presented in[12]. In the biomedical domain, the authors
discussed six domain-independent measures in [4]. They
also developed and proposed a context vector measure
based on medical corpora which can be utilized as a
semantic relatedness indicator. With the help of a corpus-
based measure of semantic word similarity and the modified
version of the Longest Common Subsumer (LCS)
algorithm. The authors tried to present a method for
determining the semantic similarity of texts in [28]. The
proposed method can be used in a range of textual
knowledge representation and knowledge discovery
applications. By using the PageRank, graph-centrality
algorithm [29] the author demonstrated by incorporating the
measure of the relevance of sentential words. It was a
statistically  significant improvement in clustering
performance using a variety of external factors. Regarding
a problem on semantic similarity between queries in a
question answering system is considered and proposed an
approach on domain-specific taxonomy with three factors
named as Structure of Taxonomy, Mapping of Keyword,
and Weight of Keyword in [30]. A finite-state approach is
presented in [31] for finding the semantic similarity of two
sentences. The proposed method has been designed by using
the concept of bi-directional logic as well as a semantic
ordering technique. Classification of sentence similarity has
been done in [32]. By using the grammar and semantic
corpus-based similarity algorithm, an algorithm was
proposed in[33] for sentence similarity computation. On the
syntactic structure in[34], proposed a sentence similarity
algorithm that first converts the sentence into words, based
on syntactic structure, then converts word similarity into
concept similarity through word disambiguation, and finally
computes the sentence similarity. The computation of
Semantic Textual Similarity between words, sentences,
paragraphs, and documents is classified and presented
in[35] for feature reference. A supervised regression-based
model is presented in [36] that effectively incorporates the
various similarity computation metrics. A comparison-
based sentence similarity is proposed in [37] based on three
components i.e. Lexical similarity (Lexsim), Semantic
similarity (SemSim), Syntactical Semantic Similarity
(SynSemSim). Computation of similarity between word-
pairs and sentence-pairs is done by edge counting method

on a lexical database. With the help of the edge counting
mechanism on the lexical database, the proposed algorithm
in [38] is computing the similarity between word pairs and
sentence pairs. In[39], a semantic similarity algorithm is the
improved version of the path-based method and the most
recent state-of-the-art method (Word2Vec) for semantic
similarity computation. The proposed algorithm has tested a
dataset of 162 Bangla word pairings that had been annotated
by five experts. In [40], a similarity computation that has
been done based on word-based, structure-based, and
vectored-based. A classification review-based presentation
on Traditional Natural Language Processing (TNLP) is
presented in[41]. The authors classify the TNLP as
knowledge-based, corpus-based, deep neural network-based
methods, and hybrid methods based on their underlying
principles. For semantic similarity testing purposes, a new
dataset named CoSimLex which contains pairs of words
was constructed by the authors in [42]. For determining the
semantic similarity, the author in [43] uses the Discourse
Representation Structure (DRS) of natural language
phrases. The experimental results show that the use of
structural information produces better outcomes than simple
word-to-word translation. In [44], the term similarity
defined in three ways i.e. term-similarity, sentence-
similarity, and document-similarity. Two semantic models
i.e. knowledge-based and prediction-based also discussed
by the authors. Though different semantic methods exist,
there is still a requirement of the semantic algorithm which
boosts the overall result of the studied algorithm. As the
importance of semantic similarity increases, most of the
existing algorithms are fail to provide accuracy in the case
of word and sentence similarity.

3. Related Work

Previously, various research have been done in the field of
NLP. In this paper the valuable contribution is given in
computation of similarity between word pairs and sentence
pairs. In this section some review have done to identify the
advantages and disadvantages of previous methodologies,
and identify some level difficulties on computation of
similarity between pair of words and sentences. The
computation of similarity can be classify into three different
categories:

a. Word Co-occurrence Methodology

b. Lexical database Methodology

¢. Search Engine based results Methodology
3.1. Word Co-occurrence Methodology:

The co-occurrence methodology is one of the commonly
used method in the area of information retrieval. In this
method the words, list of meaningful words and for each and
every queries is considered as document itself. Here in this,
there is a formation of vector for a query and documents.
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The information retrieved is based on query vector and
document vector [6].

Drawbacks: Some drawbacks of this method are:
a. The ignorance of word order in the sentence.

b. The word meaning is not considered in the context of
sentence.

Advantages:

The matching of documents is done whatever the size of the
document. Keyword successfully extracts from the
document

3.2. Lexical Database: Methodology

In the pre-defined hierarchal structure of Word-Net there is
a huge collection of words, meaning and relation with other
words. In the WordNet hierarchy concepts are arranged in a
tree structure [12].0n computation of word similarity ,path
level distance between word pair and depth of sub-sumer in
the hierarchy of Word-Net plays a vital role. The sub-sumer
is a common node between two words on comparison of
similarity between them. The Information-content (IC)
value of each and every word in the Word-Net hierarchy
also influence the similarity value in final similarity
calculation.

Limitation:

Computation of similarity between pair of sentences, the
best matching word pair is taken into consideration, if the
word meaning was different in two sentences, so the
appropriate meaning is not considered.

The IC value of each word vary from corpus to corpus, so
the final similarity value of each corpus is different.

3.3. Web Search Engine Result Methodology

Computation of similarity is achieved by search engine
results [16]. In this method the word with opposite meaning
are comes together in a web page which influence the final
similarity score. The method is analysed by Google
Similarity Distance [17] and search engine used in the study
are go-ogle and Bing. Here, achieved results are not very
efficient.

All the above similarity method while computing the
similarity does not consider the contextual meaning of the
word in the sentences. The proposed work trying to resolve
the issues, on disambiguating the word in the sentences and
creating semantic vector of words dynamically on
comparing words and sentences.

4. The Proposed Approach

In the proposed work consider there is a text which contain
a words in sequence on dealing with every words in the
sentence discretely, by take care of syntactic and semantic

structure of the word. In a lexicographical database, corpora
(like Word-Net) the information content value (IC) is
directly proportional to the frequency of the word. The
calculation of similarity value between sentence pair is
divided into three parts: (a) Similarity in words (b)
Similarity in sentence (c) Similarity in word-order

In the previously existing approach, on computation of
similarity uses vocabulary of fixed structure, but in the
proposed methodology a lexical database or corpus like
Word-Net is used for the closest meaning word. In this
methodology, for each occurrence of word in the sentence
vector is created so that there is a weight assigned for each
word on comparison with other word in the sentence.
Calculation of Similarity value between sentence pair is
depend on two semantic vectors. Syntactic similarity is
considered between pair of sentences ,order vector is
formed. Now, the final value of similarity is based on order
vector and semantic vector. The brief description of the
steps are described below:

4.1. Similarity in words

The methodology proposed here uses a database that is
lexically connected for English words i.e. Word-Net[11]
developed by Princeton university. The following steps are
involved for computation of similarity:

4.1.1. Identification of words for comparison

Estimation of similarity between words, the identification of
words is required for comparison. Here usage of word-
tokenization and part of speech (POS) tagging methodology
that was implement in NLP toolkit, NLTK [18]. The steps
on filtering the sentence i.e. input, it tagged the words of
the sentence in different POS and labelled it accordingly.
The discussion about Word-Net in section 2 it is well known
that there is path relationship between noun and verb only.
In other part-of-speeches in Word-Net path level
relationship are absent. Hence, the possible link relationship
only for noun-noun and verb-verb. Therefore, to make the
algorithm efficient in term of time and space, consideration
of only noun and verb relations to compute similarity

4.1.2. Association of words with sense

In Word-Net structure computation of similarity is depend
on it synonym relationship. Every word present in the
Word-Net has synsets , depends upon the meaning in the
context of sentence .For example the word ‘bank’ in
represent all synonym (synsets) present in the Word-Net. On
comparing the distance between synsets, it varies if the
meaning of the word changes.

In the example given below the smallest path value distance
between wordl&word2 i.e ‘river’ and ‘bank’. The word
‘river’ has only one synsets in hierarchy of Word-Net.
Estimation of similarity has been done on the basis of path
level distance between word- ‘river’ and word-‘bank’ i.e.
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consideration of one synsets of word ‘river’ and three
synsets of ‘bank’ .

The minimum shortest distance between synsets pair of
word ‘river’ and word ‘bank’ are shown in Table 1. On
comparing the similarity between two sentences there are
many words those having many synsets. Therefore, if the
proper synsets are not considered in context of the input
sentences it will reflects error at the early stage of computing
the similarity. Hence, word sense plays a vital role on the
computation of similarity. In the area of ‘word sense
disambiguation’ research sense or context of the word is
identified. The maximum similarity approach, equation-1 is
done by Word-sense-disambiguation[19] that is implement
in python library pywsd [20]

Table 1. Synset of word river and its shortest path distance

in Word-Net
Shortest
Synset Pair Path
Distance
[river.noun.1 ] and 8
[bank.noun.1]
[river.noun.1] and 10
[bank.noun.9]
[river.noun.1] and 11

[bank.noun.6]

argmaxsyn(qy 2i MAXsyn(a) (sim(i, a))
1)
Where,

MaXsynq IS represented for maximum synset value
between (sim(i,a))

4.1.3. Calculation of Shortest path distance

The methodology which is used to compute shortest path
distance is explained with the help of given example:
consider words are: word(wl) = motor — cycle and
word(w2) = car Now by Word-Net hierarchal structure
synset of motorcycle is (‘motor — cycle.n.01’) and synset
of caris (‘car.n.01”). On travelling the path in the Word-
net hierarchal structure  motor — cycle 2moto —
vehicle>car. So, the value of shortest path distance
between car and motor-cycle is 2. In the Word-Net
hierarchal structure similarity between word decrease as the
distance between words increases. Here, there is
monotonically down function [12] is established to compute
similarity between words.

flk) = e~ 2

Where,
k mean the shortest distance between words

a is constant and the value of a is taken as 0.2 as discussed
in [8]

The reason for selecting the exponential function (e)
because, f(k) always lies between 0 to 1

4.1.4. Words Distribution in Hierarchal form

The super- sub-ordinate relation is one of the primary
relationships present between synsets, it is called as
hyponymy, hyperonymy or Is-A relationship [21]. In a
Word-Net the relationship between words is from general
concept to more specific concept.

The words ‘vehicle’ has more generalized properties
whereas hypnyms relationship of word vehicle have more
specialized properties. Therefore, the words that are present
in the top layer in the Word-Net have more generalized
characteristics and less informative as compared to word
present in the lower layer in the Word-Net

There is a vital role of hierarchal distance if the path
distances between words are same. In the following pair of
words such that ‘motor-cycle and car’ the path distance is
2.Hence, if the words pair subsume word at the lower- level
in hierarchy than for similarity calculation there is need to
scale up and if the word are at the upper-level in the
hierarchy then there is need to scale down. The established
function is given by:

G(h) = (e"bh — e"(—bh))/(e"bh + e (—bh))
(3)

The value of b is 0.45 as discussed in [8].

4.2. Information content value of the word

Various domain has different meaning of the word. This
behaviour of NLP (natural language processing) is used for
computation of similarity in various domains. The domain
of the words always influences the computation of similarity
measure. On analysing the information content value of the
word, considered word 'bank’ . There are two context of the
word bank first in Potamology means the study of river and
second in Economics means the financial institutions.

On using WSD (Word Sense Disambiguation) which was
described in previous section. The Similarity value which
was calculated finally is different from corpus to corpus.
The corpus which is belong to particular area of domain, it
works like a supervised data for algorithm. The actual sense
of the word is found by disambiguating the corpus and then
compute the frequency of the word.

4.3. Measuring Sentences similarity

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2023, 11(5s), 458-467 | 461



The meaning of the sentences is determined by the words in
the corresponding sentences Li[12].The use of semantic
information in section 3.1 and computation of final
similarity wvalue in section 3.2 are discussed. The
computation of similarity between sentences discussed
previously use static based approach i.e. by using pre-
compilation list of words and it phrases. The words retrieve
in the precompiled list doesn’t retrieve correct information,
which is the drawback of this strategy.

The dynamic based approach uses the concept of joint-word
vector which compiled different word from sentences. For
long sentence, the approach gives inaccurate result.

The approaches find the value of semantic vector for
sentences and the goal is to minimize the value of semantic
vector. In the method discussed previously, there are various
overhead to form value of semantic vector, but dynamic
approach avoid this overhead. On the computation of
semantic vector all the connectives are eliminate like
conjuction, pre-position and interjection. In section 3.1.2
vector size is based on number of retrieved tokens.

Semantic vector are initialized with the positive value and
discard all the negative as well as null value. The final value
of calculated similarity is based on most of the word which
are similar in the sentence.

sI=[“A”][“jewel”][“is”][“a”][“precious”][“stone™][“used][“to”][“decorate™]
[“valuable”][“things”][“that”][“you”][“wear”][“such”] [“as”][“rings”] [“or”]
[“necklaces™].

[ A [“gem”|[“is"][“a"[ewel " J[or"][“stone”|[“that][“is”|[“used"][“in
] [“jewellery”].

The tagged word list length in sentence sl is 9.
The tagged word list length in sentence s2 is 5.

To reduce the overhead of computing, we eliminate words
like a ,as ,or ,you ,to ,is e.t.c. The formation of semantic
vector is done by the semantic information about the words
that are occur in sentence pair. The semantic vector for
sentencel is shown in the example:

Vectorl=[ 0.99692214, 0.90208685, 0.4220098, 0.0, 0.0,
0.40580856, 0.0, 0.58145326, 0.82854105]

Value of semantic vector information for sentencel as well
as sentence? is present in vectorl. Similarly semantic vector
information for sentence2 and sentencel is present in
vector2. Computation of similarity value is done by using
two vectors VEC1 and VEC2, the magnitude of the
normalization of vector is done by:

S = ||VEC1|.|VEC1]| ()

The method produces better result in longer form of
sentences by introducing a new parameter lambda (X),
which is evaluated dynamically at the run-time . This

method is used in comparison of two paragraph that contain
multiple sentences on the introduction of parameter lambda.

4.3.1. Calculation Lambda

Maximum similarity between words is directly proportional
to vector magnitude. This property is used by introducing
lambda factor on comparison of sentences. The synonymy
value of wordsl and words2 is 0.8021 as given by
Rubinstein in 1965[13]. To take this value as a standard, the
cell of vector VEC1 and VEC?2 is generated with the value
greater than benchmark value 0.8021. The factor lambda is
given by:

A= Sum(C1,C2/y) 5)
C1: Represent the total valid count of element VEC1
C2: Represent the total valid count of element VEC2

The value of 1 is fixed to 1.9 to limit the range of similarity
vary between [0,1]. Now similarity is calculated by equation
4 and 5.

Similarity= S/ 4 (6)
SENTENCES SIMILARITY ()

1. S1 « disambiguate sentencel [/
S1 means list of tagged token in sentencel
2. S2 « disambiguate sentence?2 [/
S2 means list of tagged token in sentence?2

3. Compute vector length vec_len «
MAXIMUM ((length of S1,length of S2))
VEC1,VEC2 « wvec_len()
VEC1,VEC2 « vec_len(word_sim(S1,52))
A=0
while(S1) do

if (similarity value of word >
similarity_benchmark_value)
9. Cl1++
10. while(S2) do
11. if (similarity value of word >

similarity_benchmark_value)

12. C2++
13. A« X/Awhere X = Sum(C1,C2)
14. S « ||VEC1|.|VEC2||
15. if (X == 0) then
16. A« vec_len/2
17. Similarity « S/4

© Nk

4.4. Similarity based on word order

On computing the semantic similarity between pair of
sentence, semantic nature of the sentence and syntactic
structure are considered. Comparison of word indices in
both the sentence is done in word order similarity. While
computing the similarity based on words and on the lexical
database, grammar in the sentence is not considered. Li[12],
in this paper for every word of a sentence a number is
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assigned and according to the occurrence and similarity a
word order vector is formed.

Value of semantic similarity of word is also consider in
word order vector. To compare two sentences if in
sentencel there is a word, that were not present in sentence2,
So the value assigned having maximum similarity-value of
the word in word-order.

The result produced here not always valid and the error is
encountered while calculating the final value of similarity

Sentencel=["A"] [“quick”] [“brown”] [“dog"] [“jumps”] [“over"] [“the] [“lazy"] ["fox"].

Sentence2=["A"] [“guick”] [“brown"] [“fox"] [“jumps”] [“over"] [“the"] [“lazy"] ["dog"].

index. Calculation of similarity based on word-order always
produce better result when both the sentence have same set
of word in different order, but if the sentence have different
set of word, then the word-order is useless. Word order role
is very negligible in a different sentences as compared with
semantic similarity. Hence, consideration of word order in
our approach is an optimal feature. The working of word
order similarity is shown in a given example:

The result shows both the sentences 1 and 2 produce the
same result, when the edge-based methodology is applied
using lexical- database, but in that case the word are appears
in shuffle order so scaling down the final similarity value is
necessary as they give different meaning.

Computation of similarity between two sentence 1 and 2,
start with the formation of dynamic vector VEC1 and vector
VEC?2 for sentencel and sentence2. Vector initialization is
explained in section 3.3.

The process is initialized i.e. the sentences which have
maximum length. The formation of Vector VEC1 for
sentencel are initialized to index value of the word present
in the sentencel with the beginning index is 1. So the vector
VEC1 for sentencel is:

VEC1=1,2,3,4,56,7,8,9

Now the vector VEC2 concerned with sentence 1 and 2.
Formation of vector VEC?2 is done by comparing every word
from sentence2 with sentencel. The vector is filled in such
a way that the word in sentence2 is not present in the
sentencel then the vector VEC2index value is filled by the
word that are present in sentence2. If the word in sentence2
is present in the sentencel then the VEC2 index value is
filled by the word that are present in sentencel.

In the example above, the two word ‘fox’ present in
sentence2. In sentence2 the word fox is present and that is
also present in sentencel at index value 9 i.e. in the vector
VEC-2 the entry for fox will be 9.So the vector VEC-2 is
formed as:

VEC2=1,2,3,9,5,6,7,8,4

The final similarity calculation of word-order is:

_ |VEC1-VE2|

Wordgy, = ——————_ = 0.0665
OTGsim = yEC1« VECZ]

The similarity between sentence-1 and sentence-2 is found
to be 0.0665.

Listl:

[Cgem” Synset(Jewel.n. 017 )] [(jewel Synset(jewel n 017 ))].[(*stone” Synset(‘gemmn.0277)],
[Cused” Synset(usev. 03], [Cjewellery”. Synset(jewelry.n01 7]

List2:

[Ciewel,Synset(“jewel.n.017))].[("stone ", Synset( stone n. 027 ))].[(used” . Synsetuse v 037)]].

[(‘decomate”. Synset( decomte v.01 ) ].[(*valuable” Synset(valuablea 017))].[( things™ Svnset(
“thing n. 04" ][ wear”, Synset(“wear. v.01"))].[(‘dngs’ . Svoset(ringn. 08 ))].[(necklaces’,
Svnset("necklace.n.017)]]

5. Implementation

The proposed approach is implemented with the help of
Word-Net. The statistical information in the Word-Net is
used to compute the IC value of the word. The behaviour
with external database is tested by a small corpus. The
description of precondition required to implement the
proposed approach is described as follows.

5.1. Word-Net as Database

Word-Net is a lexical database which is available as
online/offline,Word-Net is a corpus that is available
online/offline,which is developed by Princeton university.
Word-Net 3.0 version is used in our approach that contain
more than 1,17,000 synsets . Synset represent all possible
meaning of the word that is used in the sentence. Currently
Word-Net has different type of synset structure such as
noun, adverb, adjective and verb. The lexicon are
independent to each other that means there is no connection
such as noun and verb are not linked. Super-subordinate (IS-
A/ HAS-A) relationship is the main relationship present in
the Word-Net. As we move up in the hierarchy there are
more general relationship. The Word-Net hierarchy has a
common root node in all the noun hierarchy is called Entity.
Like Word-Net noun hierarchy, verb is also arranged in
hierarchal form.

5.1.1. Shortest path distance in Word-Net

In the Word-Net hierarchy, there are four type of subnets
such as nouns, adverb, verbs and adjectives. The connection
is available in same part of speeches that means computation
of similarity is not possible in cross domain.

In the Word-Net hierarchy, evaluation of shortest distance
between two word is done by tree structure. Shortest path
distance is computed to climb up in the hierarchy of Word-
Net and find the meeting point in both the synsets , which is
also the synset. The meeting point synset is called as
subsumer. The shortest path is computed by counting the
number of hops from one synset to another. Consideration
of sub-sumer position on two synset plays a vital role on
calculation of hierarchal distance. Word-Net hyperonymy
(1S-A) relation for both the synset is used in finding sub-
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sumer of synset. The approach, move up in the hierarchy of
Word-Net until a synset is found, which is common in both
the synset. This common synset is called subsumer. The
hypernym set is individually find for both synset and their
intersection set is subsumer synset. The shortest path synset
is taken into consideration if the the synset set contain more
than one synset..

5.1.2. Information content (IC) value of the word

The generalized statistical information present in the Word-
Net is used to compute IC value of the word. In the hierarchy
of Word-Net the frequency of each synset is present. The
implementation in section 3.2 wused the frequency
distribution for computation of IC value of the word.The
detailed step by step explanation for sentence similarity is
explained in this section.

The tagged word of sentencel(that is sentence s2 in section
3.3) are jewel, gem, use and jewellery and the tagged word
of sentence2 (that is sentence sl in section 3.3) are jewel,
stone, use, decorate, valuable, things, wear, ring and
necklace. The Synset of this tagged word is used to compute
similarity between sentences.

To Compute the similarity between sentences, identify the
Synset and find the Shortest-path-distance in all the synset
and pick the matching result which is best to form semantic
vector. The intermediate list Listl and List2 is formed that
contain word and identified synset.

Comparision Result B sim(wiw2) [ Sim(w2,w1)

Fig 1: Comparison between word 1 Vs word 2 in List 1
and List 2

The formation of semantic vector for sentencel and
sentence? is done by comparing Synset of List1 with every
synset of List2 is shown in Fig 1. Now the next step is to
determine semantic vector size and initialize it to null.
According to the method explain in above section 3.3, the
size of semantic vector is 9. In the following part contain
cross-compilation of List1 and List2.

Fig 2: R&G Similarity Vs Lee2014 Similarity Vs
Proposed Algorithm Similarity

In fig-2, Our approach is found to be better than Lee2014
but it is closed to the similarity value of R&G Similarity
value.

I Proposed Algorithm
[ AIslam2008

Fig 3: Proposed Algorithm Similarity Vs Islam2008 Vs
Li2006

In fig-3, proposed algorithm is compared with 1slam2008
and Li2006 and it is observed that our proposed algorithm
is bettered that Islam2008 and Li2006. it is found when we
have applied a filtering technique to find the suitable
similarity between the sentences.

6. Experimental Result and Discussion

The standard set of data that contain 65 noun-pair originally
measured by R&G [13], is used in the algorithm. The data
set is one of the stable sources to compute semantic
similarity and used in over the years. This computation of
semantic similarity of word obtained is assisted by standard
sentence benchmark dataset by James O’ shea [14]. The aim
of our approach is to achieved a good result which is closed
to benchmark dataset of R&G [13], Collins Co-build
dictionary is used for definition of word. The correlation
coefficient achieved by our algorithm is 0.875369 which is
greater than the previously existing approach. The result of
65 pair of data-set (sentence sl to s65) compare against
benchmark dataset of R&G [13] is shown in Fig 4.
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Mean Human Similarity
I Proposed Algorithm Similarity

Fig 4: Comparison of Sentence Similarity between
proposed Approach Vs Mean Human Similarity

6.1. Sentence Similarity

In Fig: 4 the similarity value of mean human sentence is
computed from benchmark dataset of James O’shea [14]. In
the paper of Li[12], the explanation is given , that on
conducting the survey of 32 participant to compute semantic
similarity , marked the sentence not words.

Our Approach outperform with previously implemented
methodologies. The better correlation coefficient of 0.879 is
achieved by our algorithm. The other approach given by
Li[12] and Islam[22] obtained correlation coefficient of
0.817 and 0.854. According to definition present in Collins
Cobuild dictionary [23] , 5 sentence pair of words were
eliminate out of 65 pair of sentence. The explanation and
result are discussed below.

A better pearson correlation coefficient of 0.875 is achieved
by our algorithm on similarity measure with R&G [13]
word-pair. The performance of our algorithm is better than
all the previously implemented algorithm. In Fig 2,
proposed methodology of sentence similarity is compared
with Lee[24] on taking R&G word pair is shown.

In Fig 3, the comparison of our algorithm with Islam[22]
and Li[14] for 30 noun pair and the better performance is
achieved. For sentence similarity, there are some words not
considered for similarity calculation. The word-pair have
more than one common synonym word 17: [coast]-[forest] ,
24:[lad]-[Wizard], 30:[Coast]-[hill].For example, In the
definition of lad. A lad is a young man or boy and the
definition of wizard is the man with magic power. Hence,
there are more closely related words pair [man]-[man],
[boy]-[man] and [lad]-[man] are present in both the
sentences

7. Conclusion & Future Work

In this paper, semantic similarity is computed between two
words (wordl and word?2), two sentences (sentencel and

sentence2) and two paragraphs (paragraphl and
paragraph?). In the initial phase of the algorithm, first
disambiguate the sentencel and sentence2 and tag them in
different part of speech. Disambiguate of words ensure the
correct meaning of the word, which is required for
comparison. The edge-based methodology which was
discussed previously is used in computation of word-order
similarity. The IC value of the corpus is used on
computation of similarity in particular domain. Semantic
vector is used for computing similarity between two words
which are formed from sentence and used for computation
of sentence similarity. The syntactic structure of the
sentence is also considered on word-order vector. The
methodology implemented in this paper is compared to the
previously used word-pair that contain standard result and
human rating result. The pearson correlation for similarity
between words is 0.875 and for similarity between sentence
is 0. 879.The correlation coefficient achieved by the
algorithm is better than previously implemented approach.
In future perspective domain of the algorithm will be
extended, analyzed the ontologies and relationship in it
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